Introduction
============

Excessive alcohol consumption is the fourth leading preventable cause of death in the United States, causing 88,000 deaths and costing 223 billion dollars annually.[@R1]^,^[@R2] Consumption is widespread, with over 90% of Americans drinking alcoholic beverages at some point during their life. In small to moderate doses, the use of alcohol is not generally considered harmful. However, heavier consumption (i.e., \> 2 drinks per day), particularly when chronic, can have severe medical and socioeconomic consequences. To minimize those consequences, state and federal governments have implemented policies designed to promote the assessment and treatment of substance use disorders,[@R3] while the treatment community has developed behavioral and pharmacological interventions.[@R4]^-^[@R6] To date, these efforts have only been modestly effective.

Among the greatest barriers to improving alcohol prevention and treatment efforts are: 1) our inability to reliably detect chronic heavy alcohol consumption and; 2) the relative lack of reliable biomarkers to accurately monitor abstinence in those undergoing treatment. The former is problematic because many of the most severely affected persons present only after a sentinel event, such as an arrest, job loss, or divorce. Because intact personal and financial resources are essential to the recovery process, individuals presenting for alcohol treatment after a sentinel event are less able to recover healthy behavioral habits.[@R7] A sensitive, easily implementable biomarker could aid in the prevention of these psychosocial tragedies and prevent alcohol induced medical co-morbidities. The lack of biomarkers to monitor treatment success is equally challenging because relapse is common yet often unrecognized.[@R8] The availability of a more effective test for detecting alcohol use in those undergoing treatment for alcohol dependence could go a long way in helping to avert the often tragic results of relapse.

In the absence of observational data or positive self-report, the most widely used methods through which chronic alcohol consumption can be inferred consist of algorithms that incorporate levels of liver proteins (e.g., alanine aminotransferase, γ-glutamyl transferase, aspartate aminotransferase or carbohydrate-deficient transferrin) or metabolites such as ethyl glucuronide (EtG).[@R8]^,^[@R9] Serious deficiencies in the sensitivity and specificity of these assays, as well as their high cost, have limited their clinical impact. Hence, there continues to be a substantial need for the further identification of potential biomarkers whose predictive value or clinical implementation characteristics could aid current efforts to diagnose and treat alcohol abuse and dependence.

The use of DNA methylation to quantify the consumption of other certain other substances has already been demonstrated and it is possible that a similar approach may fill this critical clinical need for new biomarkers of alcohol consumption. For example, three years ago, using data from human lymphoblast cell line and pulmonary macrophage DNA, our group demonstrated that methylation status at the aryl hydrocarbon receptor repressor (AHRR) was a sensitive index of smoking.[@R10] Since our initial work, at least seven other studies have confirmed those findings and a quantitative PCR assay that assesses methylation status at that locus has entered Phase I testing.[@R11]^-^[@R17] Critically, analysis of the initial data used to demonstrate the effects of smoking also showed that alcohol consumption patterns over the six months prior to cell line immortalization were associated with broad, low-level changes in genome-wide methylation patterns.[@R18]

Unfortunately, there were important limitations of that prior analysis of alcohol associated methylation that included the use of a non-primary source of DNA. In an attempt to address those shortcomings and better understand the effects of high levels of alcohol consumption, we now examine the genome-wide methylation signatures of peripheral mononuclear cell (a.k.a. lymphocyte) DNA from subjects with heavy alcohol consumption as they enter and exit a 30 day inpatient treatment program.

Results
=======

The clinical and demographic characteristics of case and control subjects are described in [Table 1](#T1){ref-type="table"}. Overall, the subjects were well matched with respect to age, ethnicity, and sex. In keeping with the population of Iowa and the overall characteristics of patients referred for alcohol treatment, the subjects were mostly in their 40s and were mostly male and Caucasian. Case subjects were heavy alcohol users with an average consumption of 13 drinks per day in the week prior to admission. The delay between the time of the first phlebotomy (Time 1 or T1) and their last drink was a mean of four days but varied from one to eight days. Not surprisingly, 85% of the case subjects were daily smokers. These subjects also tended to have a higher rate of THC use; 10 subjects had a marginal or markedly positive hydroxy-THC levels. Other substance use reported in the six months prior to admission by the subjects including opiates, cocaine and amphetamines, was virtually absent.

###### **Table 1.** Clinical and demographic characteristics of study subjects

  -------------------------------------------------------------
                                      Case         Control
  ----------------------------------- ------------ ------------
  n =                                 33           33

  Age                                 45.5 ± 7.8   46.7 ± 7.8

  Ethnicity                                         

  White                               31           31

  African American                    2            1

  Hispanic                            0            1

  Gender                                            

  Male                                25           25

  Female                              8            8

  Days since last drink               4.0 ± 1.8     

  Average daily drink consumption\                  
  prior to admission by self report                

  Past Week                           13 ± 13      0

  Past Month                          13 ± 11      0

  Smoking Status                                    

  Current Daily                       27           1

  Positive Cotinine                   28           1

  Cannabis Use Status                               

  Use in past Year by self report?    11           0

  Positive Hydroxy-THC                9            1
  -------------------------------------------------------------

The self-reports of the case subjects were checked by comparing them with objective measures. In each case, the results of the serum cotinine and THC ELISA tests were consistent with self-report data.

Only 26 of the 33 case subjects who participated in the T1 portion of the study completed the Time 2 (T2) assessment. The T2 DNA from one of those subjects was of insufficient quality to allow genome wide analysis leaving only 25 samples with both T1 and T2 data.

In contrast, the 33 control subjects had lower rates of both tobacco and cannabis use. In fact, only one control subject was a daily smoker; all control subjects denied cannabis use in the past year. In contrast to the results from the case subjects, one discrepancy between self-report and serum ELISA testing was observed (positive test for THC).

Genome-wide methylation data were obtained (measurements for \> 99.5% of all probes) for all samples including two lymphoblast DNA standards and one internal replicate. This included 33 case subjects and 33 controls at T1 and 25 case subjects at T2. The correlation between the independently prepared replicate samples was greater than 0.998. The average β values, which is an estimate of the fractional methylation (between 0 and 1), for the controls, case subjects at T1 and case subjects at T2, were 0.4788, 0.4800 and 0.4833, respectively.

[Table 2](#T2){ref-type="table"} lists the 30 most significant results from the comparison of methylation status of the DNA from the 33 T1 subjects with that from the 33 healthy controls. After genome-wide correction using the FDR (false discovery rate) method, a total of 8636 were differentially methylated while when using more conservative Bonferroni correction, 56 comparisons were statistically significant (see [Table S1](#SUP1){ref-type="supplementary-material"} for a complete list of all 8636 probes, average methylation levels with accompany gene annotation files). Examination of the QQ plot for the comparison reveals the basis for these observed differences in significant with positive skewing (greater numbers of more significant p values) being markedly prominent ([Figure S1](#SUP1){ref-type="supplementary-material"}).

###### **Table 2.** The Thirty Most Significantly Associated Probes in Case and Control Analyses

  Average Beta Values                                                                             
  --------------------- ---------------- ----------- --------------- ------- --------- ---------- ---------------------
  Probe ID              Gene             Placement   Island Status   Case    Control   T-test     Corrected *P* value
  cg23193759            C10orf35         TSS200      Island          0.128   0.168     4.66E-12   2.26E-06
  cg02583484            HNRNPA1          Body        S_Shelf         0.250   0.319     1.42E-11   3.46E-06
  cg23779890            GDAP1            TSS200      Island          0.194   0.243     1.30E-10   2.10E-05
  cg13415831            SEMA4D\*                                     0.073   0.098     3.18E-10   3.87E-05
  cg09935388            GFI1             Body        Island          0.647   0.799     1.35E-09   0.0001
  cg01432120            LOC010927881\*   Island                      0.660   0.720     1.86E-09   0.0002
  cg12655542            SCD1\*                                       0.225   0.282     2.18E-09   0.0002
  cg11832281            CUGBP2           Body        S Shelf         0.070   0.097     4.20E-09   0.0003
  cg06126421            CYP21A2\*                                    0.643   0.750     5.34E-09   0.0003
  cg12895631            C11orf75         5′UTR                       0.161   0.192     7.07E-09   0.0003
  cg25998745            PTK2\*                                       0.588   0.666     8.43E-09   0.0003
  cg08352774            TMEM181          Body        S Shelf         0.110   0.149     8.46E-09   0.0003
  cg19939077            PPIF             Body        S Shore         0.147   0.184     8.85E-09   0.0003
  cg13126206            TNFRSF10B\*                  S Shelf         0.468   0.521     1.11E-08   0.0004
  cg22888484            SNHG11           TSS200      N Shore         0.043   0.056     1.21E-08   0.0004
  cg00159243            SELPLG           5′UTR                       0.397   0.474     1.76E-08   0.0005
  cg24046474            RPL12            Body        N Shore         0.221   0.296     1.89E-08   0.0005
  cg00957665            TRIM8            Body        S Shore         0.097   0.125     1.93E-08   0.0005
  cg06093152            NENF\*                                       0.572   0.654     2.03E-08   0.0005
  cg12126344            TNFRSF8\*                                    0.795   0.835     2.13E-08   0.0005
  cg17485265            FAM50B           TSS1500     N Shore         0.677   0.744     2.29E-08   0.0005
  cg16854826            ZMIZ1            5′UTR                       0.603   0.654     2.42E-08   0.0005
  cg23028436            STK38L           TSS200      Island          0.064   0.094     2.89E-08   0.0006
  cg00690082            STAT5A           TSS1500     N Shore         0.309   0.376     3.00E-08   0.0006
  cg06285727            ATG16L2          TSS1500     N Shore         0.152   0.216     3.68E-08   0.0007
  cg09267773            LOC102467146\*               N Shore         0.517   0.433     4.00E-08   0.0007
  cg21475150            RPL31            TSS1500     Island          0.794   0.849     4.30E-08   0.0007
  cg21416692            PHC2             5′UTR                       0.742   0.792     4.41E-08   0.0007
  cg02348119            TBC1D16          5′UTR                       0.598   0.647     4.48E-08   0.0007
  cg10691866            TPST1            Body                        0.419   0.491     4.55E-08   0.0007

All average methylation values are non-log transformed β-values. Island status refers to the position of the probe relative to the island. Classes include: 1) Island, 2) N (north) shore, 3) S (south) shore, 4) N (north shelf), 5) S (south) shelf and 6) blank denoting that the probe does not map to an island. \* denotes that the nearest gene was obtained via use of the UCSC Genome Browser. TSS200 and TSS1500 denote distance (either 200 or 1500 bp) upstream from the transcription start site (TSS).

A frequent concern about studies of biomarkers of alcohol use in high-risk cohorts is the effect of the use of other substances. This is of special concern with the current results because smoking also has profound effects on DNA methylation, and 27 of the 33 cases were active smokers. In this regard, cg05575921 was the 31st ranked probe. However, there was no significant overlap between the signal for alcohol consumption and the signal for smoking. Only 22 of the 910 probes (19 would be expected by random chance) that attained genome wide significance with respect to smoking in Dogan et al.[@R13] were ranked among the top 10,000 most highly associated probes in the current study. Conversely, the overall rank of the 10,000 most highly associated probes for smoking in the Dogan et al. in the current data set was 302,264th (of 485,577) with the median of the distribution being 318,258th. Hence, there appears to be scant overlap in the signature of alcohol and tobacco smoke exposure.

Next, we analyzed the differential distribution of the 1000 most significantly associated probes using the GoMiner™ algorithm. As shown in [Table 3](#T3){ref-type="table"}, there was a marked enrichment of the most highly associated probes for pathways involved in programmed cell death (apoptosis) or GTPase signaling.

###### **Table 3.** The Top 30 Most Differentially Regulated Gene Ontology Pathways

  Genes Log10                                                                     
  ------------- ------------------------------------------- ------- ----- ------- ------
  GO:0005515    protein binding                             6815    286   -7.37   0
  GO:0005737    cytoplasm                                   7845    312   -5.75   0
  GO:0008219    cell death                                  1392    78    -5.69   0
  GO:0016265    death                                       1395    78    -5.66   0
  GO:0005829    cytosol                                     1884    98    -5.63   0
  GO:0012501    programmed cell death                       1278    72    -5.36   0
  GO:0007264    small GTPase mediated signal transduction   566     40    -5.33   0
  GO:0043067    regulation of programmed cell death         981     59    -5.3    0
  GO:0010941    regulation of cell death                    989     59    -5.2    0
  GO:0006915    apoptosis                                   1271    71    -5.16   0
  GO:0042981    regulation of apoptosis                     974     57    -4.79   0
  GO:0023033    signaling pathway                           2812    130   -4.73   0
  GO:0019899    enzyme binding                              671     43    -4.63   0
  GO:0048523    negative regulation of cellular process     2069    101   -4.61   0
  GO:0002376    immune system process                       1256    68    -4.52   0
  GO:0023034    intracellular signaling pathway             1707    86    -4.44   0.01
  GO:0023052    signaling                                   3787    164   -4.36   0.01
  GO:0065007    biological regulation                       7226    283   -4.33   0.01
  GO:0048519    negative regulation of biological process   2235    106   -4.31   0.01
  GO:0035556    intracellular signal transduction           1454    75    -4.24   0.01
  GO:0005622    intracellular                               11231   411   -4.22   0.01
  GO:0060548    negative regulation of cell death           441     31    -4.21   0.01
  GO:0044464    cell part                                   14663   511   -4.14   0.02
  GO:0005623    cell                                        14664   511   -4.13   0.01
  GO:0035466    regulation of signaling pathway             1158    62    -4.02   0.02
  GO:0009987    cellular process                            11702   424   -3.98   0.02
  GO:0043069    negative regulation of cell death           434     30    -3.96   0.02
  GO:0007265    Ras protein signal transduction             335     25    -3.91   0.02
  GO:0051056    regulation of GTPase signal transduction    339     25    -3.83   0.03
  GO:0050794    regulation of cellular process              6319    249   -3.81   0.03

FDR, false discovery rate.

Whereas the primary goal of many biomarker studies is to determine whether a given marker can be used to differentiate disease states from others, a secondary goal of our study was to determine if DNA methylation could be used to monitor alcohol abstinence. As a first step, we compared the genome-wide DNA methylation patterns of 25 subjects for whom we successfully obtained T1 and T2 data. The average length of time between the T1 and T2 DNA sampling for the 25 individuals was 25 d. No single probe crossed the threshold of genome-wide significance with the best observed uncorrected p-value being only 5 x 10^−6^ with QQ plots of the analysis showing prominent negative skewing ([Figure S2](#SUP1){ref-type="supplementary-material"}).

Secondary analysis of the T1 and T2 data proved highly interesting. Since exposure to ethanol is stressful to cells and biological systems tend to revert to their homeostatic means after perturbation, we next investigated which methylation assessment (T1 or T2), of the alcohol using subjects was more similar to that of the controls for the 8636 FDR significant probes identified in the case and control analysis. The average methylation at T2 time point was more similar to that of the controls at 7360 of 8636 probes (Chi Square *P* \< 0.0001) including 49 of the 56 Bonferroni significant probes ([Table S2](#SUP1){ref-type="supplementary-material"}). Unfortunately, the average reversion at these 7360 CpG residues to the mean of the controls was rather modest with the overall change in the β value being approximately 0.005 (i.e., 0.5%).

Discussion
==========

In this pilot study, we show that recent, heavy alcohol use is associated with significant changes in DNA methylation as compared with controls, and that the degree of these methylation changes tends to diminish after approximately one month of abstinence. Strengths of the study include a unique subject sample, rigorousness of the substance use classification, and the internal consistency of the findings. Limitations of the study include the small sample size that precludes more complex analyses, the exclusion of subjects with medical comorbidities or other forms of substance use disorders, and lack of sequencing confirmation of the most highly associated probes.

In some respects, the current study is an extension of prior single, multi locus and genome-wide studies of the effect of alcohol on DNA methylation.[@R10]^,^[@R19]^-^[@R21] Most relevantly, using lymphoblast DNA from subjects participating in the Iowa Adoption Studies (IAS), we have previously shown that alcohol use results in widespread changes in DNA methylation.[@R10] Yet, there were significant limitations in that earlier study and there are clear differences between the designs of the former and current study. First, a major limitation of the earlier study is that it used lymphoblast DNA whose differential methylation signal can be reliable but is influenced by the effects of cell transformation and length of time in culture.[@R22] Second, in contrast to the current study, many of the subjects in the IAS study were chronically ill and on medications that could potentially interfere with DNA methylation.[@R18] Third, all the subjects in that study were female while the majority of the subjects in the current study are male. Finally, "heavy users" in the prior study were defined as those who consumed at least one drink of alcohol in each of the prior 26 wk to phlebotomy. The magnitude of alcohol consumption by subjects in the present study is much greater.

The current results cannot be directly compared with those of Zhang and colleagues who used a more focused 384 probe array because they used whole blood DNA and subjects who were not necessarily actively drinking but had previously met diagnostic criteria for alcohol dependence.[@R21] Because prolonged abstinence after long periods of alcohol use may allow for remodeling of the epigenome combined with the fact that multiple comparisons are typically made in most papers, direct comparison of the prior studies to the current study of severe active, but otherwise healthy, alcoholics may not be valid. As a result, we invite others to directly examine the results given in the supplementary tables and draw their own conclusions. A quick assessment of our prior results demonstrates an enrichment between the genes identified in our prior work with those in the current work while a more limited examination of the more specific work of Zhang and colleagues does not show any of their 8 most significant probes being within our 10000 most highly ranked probes.[@R18]^,^[@R21]^,^[@R23]^,^[@R24]

The major finding of the study is the significant and widespread change in DNA methylation associated with acute sustained consumption of high amounts of alcohol. If the results can be replicated, this suggests that the DNA methylation signature can be used to infer recent alcohol use status. Before these findings can be translated into a set of useful clinical tools, there are several important considerations that should be noted. First, the clinical translation value is dependent on the assumption that other medical conditions cannot mimic the signature associated with alcohol. Indeed, many speculated that some of the adverse consequences of alcoholism are not mediated by direct effects of alcohol but rather the deprivation of vital nutrients.[@R25] If this is the case, it is reasonable to suspect that diseases of associated with impaired absorption may mimic certain aspects of the observed methylation signature. Second, in general, the magnitude of the changes observed in the current study is not high. In contrast to that of smoking where the differences of methylation at cg05575921 between chronic smokers (\~60%) and non-smokers (92%) can exceed 30%, the average differences at the more highly significant probes in the current study tend to be in the 5 to 10% range. Because the levels of alcohol consumption by the subjects in the current study are relatively extreme, it is likely that the changes observed in less intensive settings would be markedly less. This poses a challenge to current DNA methylation analyses because the standard deviation of most DNA methylation assessment measures, such as pyrosequencing, is in that range.[@R26] It is conceivable that a panel of methylation markers could detect more modest consumption levels.

The greatest positive impact of these findings may be the demonstration that with abstinence, the differential methylation signature between cases and controls tends to diminish over time. This could have strong impact on the choice of settings in which alcohol treatment is conducted and monitored. Before this possibility can become a reality, the relationship of other illnesses, gender and age to variation at the loci identified in the study must be explored to determine if the effects observed in the study are specific to alcohol.

Given prior findings by others,[@R27]^,^[@R28] it is not surprising to find that the GoMiner™ analyses highlight the differential mapping of the differentially methylated probes to pathways involved in apoptosis. Alcohol is a toxin whose mean maximum concentration in a series of uncomplicated alcohol poisoning deaths in humans was approximately 460 mg/dl.[@R29] In the days prior to admission, the blood level of alcohol in many of the individuals in the study either approached or exceeded that level. In many ways, the insights provided by the pathway analyses effectively summarize some of the cellular responses as evidenced by the methylation signatures. The lack of other commonality in the genes affected in the current study suggests a more global mechanism behind the observed effects. A first global mechanism may be oxidation; alcohol induces the general reactive oxidative modification of proteins.[@R30] A second global mechanism may be denaturation. Alcohol is also a less polar solvent than water and though freely miscible with water, preferentially segregates to lipid membranes where it increases oligomerizeration of membrane proteins.[@R31] This is a general solvent effect and at higher concentration, ethanol precipitates virtually all cellular proteins. The skewing of the Q-Q plots ([Figures S1 and S2](#SUP1){ref-type="supplementary-material"}) is supportive of a generalized effect and we have observed similar effects on our unpublished studies of the effects of 0.08% alcohol on lymphoblast methylation.

The relative lack of overlap between the signature associated with alcohol observed in this study with the signatures observed in prior genome-wide studies of smoking is consistent with our prior analyses and our understanding of the cellular role of AHRR.[@R32]^,^[@R33] The well replicated effects of smoking on AHRR methylation are secondary to the key role of AHRR in moderating the activity of the xenobiotic or aryl hydrocarbon receptor (AHR) pathway. Tobacco smoke is an extraordinarily large source of dioxins and polyaromatic hydrocarbons. Catabolically competent cells in the liver and the blood degrade these toxins via this pathway which includes the key cytochrome enzymes CYP1A1 and CYP1A2.[@R32] Because unchecked activity of the AHR pathway also is extremely deleterious, activation of this pathway is also accompanied by increased AHRR expression, which is associated with both demethylation and transcription factor binding to the cg05575921 locus.[@R14] The increased transcription and subsequent translation of AHRR then moderates xenobiotic pathway activity through direct and indirect competition with AHR.[@R34] In addition, chronic heavy smoking (\> 10 pack years) has strong impact on immune system activation that is probably mediated by the intense inflammatory processes in the lung associated with chronic (\> 10 pack years) of smoking.[@R35] Because our subjects were relatively healthy, alcohol is not metabolized by the xenobiotic pathway, and there was a significant admixture of smokers and non-smokers in our group of 33 heavy drinkers, a strong relationship between alcohol use status with the loci previously associated with smoking was not observed. When we re-ran the analyses excluding the non-smoking alcohol cases (n = 5), many of the loci associated with smoking became much more significantly associated.

The extent to which these findings will extend to all individuals entering alcohol detoxification and treatment is not clear. Substance use comorbidity is more the rule than the exception in substance use treatment. In fact, because inclusion and exclusion criteria for the current study mandated good overall health and excluded those with significant substance use comorbidities (except for tobacco), the vast majority of subjects admitted to the two treatment centers participating in the study were ineligible for inclusion in the study. Therefore, future replication attempts should include a broader range of subjects.

If replicated, it is possible that DNA methylation could be used as a clinical biomarker for heavy alcohol consumption. At the current time, there are several liver proteins (alanine aminotransferase (ALT), γ-glutamyl transferase (GGT), aspartate aminotransferase (AST) or carbohydrate-deficient transferrin (CDT)) and one ethanol metabolite, ethyl glucuronide(EtG), that can be used to detect heavy alcohol use.[@R8] Unfortunately, each of these tests have limitations in either sensitivity, specificity or ease of implementation, that has constrained their value in alcohol assessment.[@R8] If the current findings can be transformed into an easy to use assessment (e.g., commercial qPCR battery), it is conceivable that DNA methylation assessments of alcohol consumption, alone or together with these other measures, could find their way into routine clinical use.

In conclusion, in a pilot study of relatively healthy subjects entering and exiting 30 day inpatient alcohol treatment, we show that high levels of recent alcohol consumption are associated with broad genome-wide changes in DNA methylation and that these changes tend to partially revert after several weeks of abstinence. We believe that large-scale, longer-term studies are needed to determine the utility of DNA methylation for the assessment and monitoring of persons with alcohol use disorders.

Subjects and Methods
====================

The protocols and procedures used in this study were approved by the University of Iowa Institutional Review Board. Subjects were recruited from either the University of Iowa Hospitals and Clinics or two local alcohol treatment centers. Following admission to a program potential subjects were informed by facility personnel about the study. The research team was notified when a person expressed interest. Subjects were then contacted by a researcher and screened to ensure the person met study criteria. Subjects were required to have the capacity to consent and could have no additional significant active substance abuse (except tobacco), They could not be taking medications hypothesized to affect DNA methylation (e.g., valproic acid). They could not have significant medical problems such as cancer, gastrointestinal disorders, diabetes, chronic obstructive pulmonary disease or severe cardiac disease. Those who met the study criteria and were willing to participate gave written informed consent.

At the index intake (Time 1 or T1), which could occur up to seven days after admission, all subjects were interviewed with a modified version of the Semi-Structured Assessment for the Genetics of Alcoholism, version 2 (SSAGA-II) which included specific items to assess substance use over the past six months.[@R36] Blood samples for DNA were obtained from the subjects. Approximately 4 wk later (Time 2 or T2), the same subjects were assessed for changes in medical status and a second blood sample was obtained.

Control subjects were recruited from the Iowa City community. Control subjects were of good overall health, not taking medications hypothesized to influence DNA methylation, abstinent from alcohol for six months, and had no significant current substance use (except tobacco). Controls were interviewed using the same assessments as the case subjects. Blood samples were taken to provide biomaterial for the current study.

Sera and mononuclear cell (i.e., lymphocyte) pellets were prepared as described.[@R12]^,^[@R13] As part of our efforts to assess the reliability of self-reported data, cotinine and hydroxy-tetrahydrocannabinol levels in sera were assessed using an enzyme linked immunoassay (ELISA) kits supplied by Abnova (Taiwan) which were used according to manufacturer\'s directions and our previous protocols.[@R12]^,^[@R13] DNA was prepared from the lymphocyte cell pellets using a QiaAmp kit (Qiagen, Germany) according to manufacturer\'s directions.

Genome-wide DNA methylation was assessed by the University of Minnesota Genome Center under subcontract using the Illumina HumanMethylation450 BeadChip (Illumina, USA).[@R12]^,^[@R13] Resulting data were inspected for complete bisulfite conversion, average β values determined using the GenomeStudio (Illumina USA) suite of programs with all data being transmitted to Behavioral Diagnostics via secure server. The raw data files (which include data from one additional T2 DNA pellet for which there is no matching T1 data) have been deposited to GEO (Accession number GSE57853).

The resulting data were then analyzed using our standard procedures.[@R12]^,^[@R13] In brief, data were cleaned to remove unreliable β values, which are formally defined as the ratios of the methylated probe fluorescence to that of total probe fluorescence (methylated probe/(methylated +unmethylated probe + α), using a PERL-based algorithm. Then, information from an array with \< 99.5% complete data was removed. Surviving data were imported into MethLAB and analyzed using a standard linear model algorithm specifying chip and batch variables as co-factors.[@R37] The resulting data were corrected for genome wide comparisons using either Bonferroni or False Discovery Rate algorithms as indicated in the text.[@R38] Because of the small sample size and the need to preserve statistical power, genome-wide analyses were not corrected for age, gender, and ethnicity, though we note that the groups were similar with regard to these variables.

Pathway analysis of differentially methylated genes was conducted using the GoMiner™ package and the default settings.[@R39] This suite of programs uses the resources of the Gene Ontology Database[@R40] and conducts standard Student's T-tests to map differentially affected genes to known cellular pathways. Comparisons of clinical and demographic data (e.g., age, sex) were conducted using the indicated tests and the JMP suite of programs (SAS Institute, USA).
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